A rapid increase in the world's population over the last century has triggered the transformation of the earth surface, especially in urban areas, where more than half of the global population live. Ghana is no exception and a high population growth rate, coupled with economic development over the last three decades, has transformed the Greater Accra region into a hotspot for massive urban growth. The urban extent of the region has expanded extensively, mainly at the expense of the vegetative cover in the region. Although urbanization presents several opportunities, the environmental and social problems cannot be underestimated. Therefore, the need to estimate the rate and extent of land use/land cover changes in the region and the main drivers of these changes is imperative. Geographic Information Systems (GIS) and remote sensing techniques provide effective tools in studying and monitoring land-use/land-cover change over space and time. A post classification change detection of multiple Landsat images was conducted to map and analyse the extent and rate of land use/land cover change in the region between 1991 and 2015. Subsequently, the urban extent of the region was forecasted for the year 2025 using the Markov Chain and the Multi-Layer Perceptron neural network, together with drivers representing proximity, biophysical, and socio-economic variables. The results from the research revealed that built-up areas increased by 277% over the 24-year study period. However, forest areas experienced massive reduction, diminishing from 34% in 1991 to 6.5% in 2015. The 2025 projected land use map revealed that the urban extent will massively increase to cover 70% of the study area, as compared to 44% in 2015. The urban extent is also anticipated to spill into the adjoining districts mainly on the western and eastern sides of the region. The success of this research in generating a future land-use map for 2025, together with the other significant findings, demonstrates the usefulness of spatial models as tools for sustainable city planning and environmental management, especially for urban planners in developing countries.
Introduction
The global population has rapidly increased over the last century and it will continue to augment in the years to come, although at a lower rate. As of mid-2017, the world population stood at 7.6 billion, indicating that the global population had increased by roughly one billion in the last twelve years [1] . By 2050, the world population will reach 9.7 billion, with more than half of the growth occurring between now and 2050 being projected to happen in Africa. A significant percent of this growth is now. For instance, only 15% of the metropolitan area is covered by sewage systems, while the existing sewage system is in a very deplorable state [14] . Furthermore, only 67.7% of solid waste that is generated in the region is collected, with the rest being thrown into open spaces and drainages [15] . Due to improper city planning and monitoring, some residents have built houses in waterways that have resulted in annual floods in the city. Studies conducted also indicate that the green spaces within the city have been drastically reduced to only a few patches that are still under threat from urban expansion. City authorities have been unable to monitor the urbanization process in the region and have failed to provide concrete planning directives as well as sustainable city development policies. Indeed, the city has been allowed to grow "naturally", with little control over the urbanization process. This has been further made difficult by limited and outdated spatial monitoring techniques.
Over the last three decades, advancements in remote sensing technologies have made it possible to study physical changes and patterns [16] . Remote sensing and Geographic Information Systems (GIS) techniques provide information and the necessary tools to study and understand land use/land cover (LULC) changes over time. GIS and remote sensing have become important tools for conducting change analysis in different parts of the world [17] . For developing countries, where geospatial technologies are not well developed, remote sensing data, especially Landsat images, provide a suitable option for monitoring urban change and expansion. Several scholars have been able to use remote sensing data to successfully quantify urban change, as well as its rate of change [17] [18] [19] . Prior urban studies in Accra have analysed and exploited remotely sensed data for analyses of urban growth in the context of population growth, urban ecology, socio-economic indicators, etc. In Ghana, Møller and Yankson conducted early efforts to map urban expansion using remote sensing data [20] . They assessed the suitability of using Landsat Thematic Mapper images for urban change studies, as well as producing a land cover map of Accra. For a similar study area, Stow et al. [21] examined the relationship between urban vegetation change and the housing quality index while using remote sensing and statistical techniques. Stow et al. [22] also analysed and examined the relationship between population growth and land cover change in southern Ghana using remote sensing techniques. The research revealed that population growth was higher than built-up expansion in the Accra Metropolitan Assembly. Generally, these studies lack in-depth class-by-class analysis and no future LULC simulation and projection has yet been conducted in the region. This is the first paper to model and predict the urban extent of the Greater Accra Metropolitan Area and it also seeks to demonstrate how spatial models can be used in developing countries to monitor and track environmental and social changes, including forest loss and urban expansion.
Different scholars have applied many land use modeling techniques with varying theoretical basis, assumptions, and inputs to model and predict land use change. Several scholars have reviewed and applied these techniques in different study areas and research fields. Musa et al. [23] provide an overview of several urban growth models and initiatives. Pijanowski et al. [24] used the neural network to project urban expansion in the Tehran Metropolitan area. Attua and Fisher [6] also used the Markov chain model to predict land use change in the New Juaben municipality of Ghana. Koranteng and Niedzwiecki [25] projected forest loss in the Ashanti region of Ghana using the Land Change Modeler tool, which was embedded in the software IDRISI. Samardžić et al. present the incorporation of Support Vector Machines (SVL) into land use modelling [26] . Ahmed and Ahmed [27] conducted a comparative study on different models for predicting land use change and concluded that a combination of Multi-Layer Perceptron (MLP) neural network and Markov Chain produced the most accurate land use change prediction
Objectives
The objective of this study is to analyse the urban land use change in the Greater Accra Metropolitan Area between 1991 and 2015 to provide a better understanding regarding the extent, rate, and pattern of urban land use change in the region. It also aims to provide an overview of the main forces driving urban expansion in the region and predict the urban extent of the region by 2025 while using a hybrid Neural Network Markov Chain model.
Materials and Methods

Study Area
The Greater Accra Metropolitan area is located between 5 • 5 27 to 5 • 28 2 north latitude and 0 • 4 58 east longitude to 0 • 37 2 west longitude along the Atlantic coast of Ghana (Figure 1 ). The size of the study area is approximately 1585 km 2 . The topography of the region varies from flat to gently undulating slopes that rise to 75 m at the foothills with a few isolated hills and rock outcrops. The region lies in the dry coastal equatorial climatic zone and it has two raining seasons. The first season starts in March and ends in July, while the second season starts in September and ends in November [28] . The rains are mostly intensive short storms that normally cause floods in most parts of the region. Mean monthly temperature ranges from 24.7 • C in August to 33 • C in March, with an annual average of 26.8 • C [29] . Coastal savannah shrubs interspersed with thickets mainly cover the region. The grasses are short and barely grow beyond one meter with the trees growing to an average height of five meters. However, it is believed that much of the area was once covered with dense forest, but has been lost due to climate change and human activities [30] . 
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Data
The research was conducted using Landsat images as the prime remote sensing data due to the availability of images for an extensive period of time as compared to other satellite types. Four satellite images, specifically Landsat 4 TM, Landsat 7 ETM, Landsat 7 ETM+, and Landsat 8 OLI, for the years 1991, 2000, 2009, and 2015, respectively, were obtained from the United States Geological Survey (USGS) online data portal (Table 1) . In order to obtain images with less clouds and avoid extreme difference in land cover reflectance, the images were acquired between December and early February, which corresponds to the dry season in Ghana. The unavailability of images for some years and the presence of clouds and scan lines on some of the images made it impossible to maintain a constant year difference between the four satellite images that were used in the study. All of the images were radiometrically calibrated using the Fast Line-of-Sight Atmospheric Analysis of Hypercubes (FLAASH) tool in the software package ENVI version 5.1. The tropical atmospheric and urban aerosol parameters were selected from the Moderate Resolution Atmospheric Transmission (MODTRAN) model for calibrating the images. The images were also projected into the Universal Traversal Mercator (UTM) zone 30 North projection. Several ancillary data were also collected for this research. The ASTER Global Digital Elevation Model (ASTGTM) v2 was retrieved from the NASA online data portal. Vector data of roads, water bodies, administrative boundaries, and towns were also obtained from the RS/GIS lab of the University of Ghana. The topographic maps of the region were also acquired from the Center for Remote Sensing and Geographic Information Services (CERSGIS); University of Ghana. All of the datasets used in the study were geometrically calibrated using UTM zone 30 North projection.
Classification and Accuracy Assessment
The images were classified using the maximum likelihood classification algorithm, which is a supervised classification and one of the most widely used classification techniques. The maximum likelihood classification algorithm is popular among remote sensing researchers because of its strong 
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Classification and Accuracy Assessment
The images were classified using the maximum likelihood classification algorithm, which is a supervised classification and one of the most widely used classification techniques. The maximum likelihood classification algorithm is popular among remote sensing researchers because of its strong theoretical foundation and the ability to accommodate varying data, LULC types, and satellite systems [32] . Supervised classification groups pixels into classes by comparing the spectral properties of each pixel to a set of representative pixels, which are known as training data or sample specified by the user. The USGS Land use/land cover classification system developed by Anderson et al. [33] was adopted to identify and group the LULC feature in this research (Table 2) . However, the classification system was slightly modified to suit the study area. Prior to classification, principal component analysis was performed to visually enhance the images and reduce redundancy in the images. Training samples were collected for each land cover type by creating polygons around the features and areas that are representative of each LULC type. The polygons were randomly created across the image in order to capture the spectral variability within each land cover type. The training samples were collected using the researcher's personal knowledge and experience of the study area, as well as Google Earth and topographic maps. After all of the training samples were collected, the polygons for each LULC type were subsequently converted into Region of Interests (ROI) for classification using the Maximum Likelihood algorithm in ENVI.
The accuracies of the resulting land use maps were assessed while using the confusion matrix. The confusion matrix is able to generate several measurements of quality, which includes overall accuracy, producer accuracy, user accuracy, and Kappa coefficient. The accuracy is calculated by comparing the corresponding ROI that is generated from a reference data with the classified land use maps. A minimum of 70 ROIs were collected for each LULC class using topographic maps, satellite images, and Google Earth. The post-classification change detection technique was used to quantify, identify, and describe the differences in the land use maps produced. This technique is capable of producing a complex matrix of change and also minimizing the effects of sensor and atmospheric differences between two dates by using classified images [34] .
Urban Land Use Change Modelling
The Land Change Modeller (LCM), embedded in the software Terrset, was used to model and predict the urban extent of the region for the year 2025. Before the model could be parameterized, all of the datasets had to be harmonized to the have the same characteristics. All of the different datasets used were pre-processed to have the same projection, spatial resolution, and dimension. Additionally, the land cover maps used also had the same values and corresponding legends and a background value of zero.
In setting up the LCM model, the 2000 and 2009 land use maps that were generated from the image classification were used as the base maps. The two land use maps were reclassified into three land cover class categories in order to improve the accuracy of the model. The main focus of the study was urban growth rather than the other land use transitions. Furthermore, the other LULC types have exhibited little transformation over time in the change analysis. Grassland and forest were merged together, forming one class called Vegetation. Bare soil, which covered less than 1% of the study area and mostly located in urban areas was merged with built-up. The water bodies were left unchanged. Figure 3 summarizes the entire process chain.
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Transition Potential and Driver Variable
Transition potential expresses the likelihood that a particular land use type will change in the future. In LCM, change analysis and predictions are performed using a set of empirically evaluated transition sub-models. A transition sub-model may be made up of a single land cover transition or a group of transitions that are assumed to have the same explanatory or driver variables. The transition potential tool in LCM allows for the user to group transitions that occurred between two land use maps into a set of sub-models, which produces a transition potential map for each transition. In this research, the urbanization sub-model was created to model all built-up transitions. Thus, only the transitions vegetation to built-up and water bodies to built-up were included in the urbanization submodel.
To develop the transition potential for the urbanization sub-model, a set of driver variables were developed to represent the main forces that influence urban growth in the region. The choice of driver variables was based on a spatial analysis and literature review of similar studies. The driver variables that were used in this research included Elevation, Slope, Land cost, Distance to existing urban areas, Distance to Central Business Districts (CBD), and Distance to roads and Distance to the coast (Table  3 ). The distance drivers represent the proximity of pixels to forces that act as constraints or incentives 
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Transition potential expresses the likelihood that a particular land use type will change in the future. In LCM, change analysis and predictions are performed using a set of empirically evaluated transition sub-models. A transition sub-model may be made up of a single land cover transition or a group of transitions that are assumed to have the same explanatory or driver variables. The transition potential tool in LCM allows for the user to group transitions that occurred between two land use maps into a set of sub-models, which produces a transition potential map for each transition. In this research, the urbanization sub-model was created to model all built-up transitions. Thus, only the transitions vegetation to built-up and water bodies to built-up were included in the urbanization sub-model.
To develop the transition potential for the urbanization sub-model, a set of driver variables were developed to represent the main forces that influence urban growth in the region. The choice of driver variables was based on a spatial analysis and literature review of similar studies. The driver variables that were used in this research included Elevation, Slope, Land cost, Distance to existing urban areas, Distance to Central Business Districts (CBD), and Distance to roads and Distance to the coast (Table 3 ). The distance drivers represent the proximity of pixels to forces that act as constraints or incentives to urban growth. The distance to urban driver expresses the proximity of a pixel to established urban areas in 2009. The distance to urban driver was modelled as a dynamic variable to express the varying distance of urban pixels as they change over time. The distance to roads driver represents the accessibility of pixels to major roads in the region. The CDB driver was also created to model the magnetic influence of the two economic hubs-Accra and Tema-on the region. Elevation and slope were also included to account for the geophysical limitations and constraints in the region. An exclusionary layer was also introduced to prevent some areas in the region from becoming urban. Exclusionary zones are expressed in the form of a Boolean map with areas being excluded from becoming urban coded as 0 with the other areas having a value of 1 [35] . Exclusionary zones that were considered in this research include military zones, forest reserves, wetlands, cemeteries, university lands, golf courses, and community parks. LCM provides statistical tools to test the explanatory potentials of the drivers before they are used in the model. The Cramer's V is a correlation coefficient that tests the relationship between driver variables and the distribution of land use types in the later land use map. The Cramer's V ranges from 0.0 to 1.0, with a higher value indicating a good driver variable and a smaller value indicating little or no correlation between the driver variable and changes in the land use map. However, this does not guarantee a strong model performance, since it cannot account for the mathematical specification of the modelling approach used as well as the intricacy of the relationship [37] .
Based on the Cramer's V, the best driver variables were selected to parameterize the model using the MLP algorithm. MLP is a type of neural network that uses the feed forward algorithm, i.e., information in this type of network flows in one direction only-forward. MLP consists of interconnected nodes that respond to weighted input it receives from other nodes. The architecture of the MLP consists of three layers, namely input, output, and hidden layers. In this context, the input layers would be the driver variables and the land use transitions, whereas the transition potential map is the output layer. Hidden layers consist of a number of processing elements that enable the transformation of input data into output layer [38] . The aim of neural network training is to construct a model by using information from a data, so that the network can hypothesize and predict outputs from inputs that it has not seen before. The MLP neural network uses the back propagation algorithm to reduce error in the network by adjusting the weights between nodes [38] . After each run or a series of iterations, an error term will be calculated and the aggregate error will be distributed across the network.
In the LCM, the MLP trains the model by using a sample of pixels that underwent transition from one land use type to another and a different set of pixels that did not undergo change in the two land use maps. The sample size is set, by default, to be equal to the smallest number of pixels that transitioned from one category to another. MLP assigns the selected pixels to two classes; one group for training the model and the other set for testing or validating the accuracy of the MLP model. The MLP uses the pixels in the training sample as an example to develop a multivariate function that can predict the potential for transition that is based on the values at any location for the driver variables [37] .
Upon completion of the entire process, MLP outputs a number of statistics that provide information regarding the power of the explanatory driver variables as well as the models accuracy in predicting class transitions and persistence. One important aspect of the statistics generated is termed "Forcing Independent Variables to be Constant". This statistic is generated by withdrawing driver variables from the model one at a time. After training the model using all of the driver variables, the system tests for the relative power of the explanatory variable by holding the inputs from the selected variable constant. This effectively removes the driver variable from the modelling. The modified model is run again and the accuracy and skill test are calculated using the validation pixels. This process is repeated for all driver variables to determine their influence on the skill measure and accuracy of the model.
Change Prediction
The Markov chain calculated the amount of land that will transition for each land-use type for the specified future date. A Markov chain is a stochastic process where the next state of a system (t + 1) is only dependent on the current state (t) [39] . The Markov chain estimates the amount of change that is needed based on the two land use maps used in the model. The process estimates exactly how much land would be anticipated to change from the later date to the specified prediction date based on the projection of the transition potentials that are derived from the MLP and creates a transition probabilities matrix [37] . The transition probability matrix(n*n) of the Markov process is defined as
where P is the probability matrix of n states p ij is the transition probability of state i to j The probability of the future state of a cell is given as
where p(t + 1) is the future land cover distribution p(t) is the current land cover distribution P is the transition potential Based on the transition probabilities matrix, a hard prediction map is generated, which has the same land use categories as the input maps. The hard prediction model is based on a competitive land allocation model that is similar to a multi-objective decision process [37] . The soft prediction map is similar to the transition potential map and it shows the probability for every pixel to change for a particular transition in a continuous map format.
Validation
The resulting hard prediction map was validated to evaluate the accuracy of the model in predicting future land use maps. In LCM, the validation process involves a three-way comparison between the later land use map (2009), the predicted land cover map, and a map of reality. The 2015 classification map was used as the map of reality in the validation phase. This process generates a map that portrays the accuracy of the model. The map shows areas where the model correctly predicted called "hits", areas where the model predicted to change but actually did not change, called "false alarms", and areas that changed in reality, but the model was unable to predict, referred to as "misses". Calculating the Kappa coefficient between the predicted map and actual land use map statistically validated the predicted map.
Once the predictive capacity of the model was verified for the period between 2000 and 2009, the simulation process was repeated to predict the 2025 land use map while using the 2009 and 2015 classified maps as the base maps. A new distance to urban driver was generated using the 2015 urban pixels. The other drivers remained unchanged.
Results
Nature, Extent and Rate of Land-Use Change
In exception of bare-land and grassland, the other land cover types were consistent in their direction of change from year to year (i.e., increasing or decreasing). The statistics revealed that built-up areas in the region have been drastically expanding, mainly at the expense of grassland. Forest areas in the region had the greatest loss, while grassland and water bodies exhibited very little change between 1991 and 2015. The analysis further revealed that, in 1991, grassland was the most dominant land cover type, covering 50.5% (80,079 ha.) of the study area. This was closely followed by forest, which covered 34.2% (54,258 ha.) of the area. Built up areas represented 11.8% (18,625 ha.) of the area, with water bodies also covering 2.3%. The remaining 1.2% of the study area were classified as bare-land. Table 4 shows the land-use percentage and area changes for the two study periods.
In 2000, grassland continued to cover more than half of the study area, precisely 54.8% (86,863 ha. Once the predictive capacity of the model was verified for the period between 2000 and 2009, the simulation process was repeated to predict the 2025 land use map while using the 2009 and 2015 classified maps as the base maps. A new distance to urban driver was generated using the 2015 urban pixels. The other drivers remained unchanged.
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In exception of bare-land and grassland, the other land cover types were consistent in their direction of change from year to year (i.e., increasing or decreasing). The statistics revealed that builtup areas in the region have been drastically expanding, mainly at the expense of grassland. Forest areas in the region had the greatest loss, while grassland and water bodies exhibited very little change between 1991 and 2015. The analysis further revealed that, in 1991, grassland was the most dominant land cover type, covering 50.5% (80,079 ha.) of the study area. This was closely followed by forest, which covered 34.2% (54,258 ha.) of the area. Built up areas represented 11.8% (18,625 ha.) of the area, with water bodies also covering 2.3%. The remaining 1.2% of the study area were classified as bareland. Table 4 shows the land-use percentage and area changes for the two study periods Among the five land cover classes assessed, built-up had the highest expansion rate in the region. Altogether, the built-up areas in the region expanded by about 277.7% between 1991 and 2015. The analysis indicated that built-up areas increased by 75% between 1991 and 2000, gaining approximately 13,961 ha. during this period. Accounting for this expansion, about 12,382 ha. of grassland were converted into built-up. Thus, grassland contributed 88% of the total urban expansion that occurred between 1991 and 2000. A further 809 ha. and 733 ha. of bare-land and forest, Among the five land cover classes assessed, built-up had the highest expansion rate in the region. Altogether, the built-up areas in the region expanded by about 277.7% between 1991 and 2015. The analysis indicated that built-up areas increased by 75% between 1991 and 2000, gaining approximately 13,961 ha. during this period. Accounting for this expansion, about 12,382 ha. of grassland were converted into built-up. Thus, grassland contributed 88% of the total urban expansion that occurred between 1991 and 2000. A further 809 ha. and 733 ha. of bare-land and forest, respectively, were transformed into built-up within the same time period. Built-up continued to expand significantly within the second study period (2000 to 2015), gaining about 37,768 ha. within this period, which translates into a net increase of 116% in the space of 15 years. Grassland remained the main contributor to urban expansion within this study period as well, with 35,555 ha. of grassland being converted into built-up. This figure represents approximately 94% of the total urban expansion that occurred during the second study period. Figure 5 presents the net gains and losses that are associated with built-up.
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Throughout the analyses, grassland remained the most dominant land use type in the region, showing very little change in the proportion of area covered over the years. The change detection analysis revealed an interesting pattern between grassland, forest, and built-up areas in the study. Although built-up areas mostly expanded into grassland, the forest cover was also simultaneously depleted into grassland. Thus, the grassland areas are shifting from the coast into the hinterlands of the region, especially the northern and north western parts, which were formerly covered with forest. Between 1991 and 2000, about 19,367 ha. of forest were transformed into grassland. However, approximately 12,381 ha. of grassland were converted into built-up areas between the same time period. During the second study period, about 22,296 ha. of forest were transformed into grassland, while approximately 35,555 ha. of grassland were also converted into built-up areas. Of the five land cover types assessed, water bodies experienced the least change, although water resources in the region expanded marginally over the entire 25-year period. Water bodies covered 2.30% (3637 ha.) of the study area in 1991, expanding to 2.37% (3761 ha.) in 2000 and subsequently covering 2.42% (3832 ha.) in 2015. Between 1991 and 2000, water bodies in the region expanded by 124 ha. Water bodies also expanded by a net gain of nearly 70 ha. between 2000 and 2015. Grassland and forest were the biggest contributors to these minimal net increases.
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LCM Performance and Validation
Validation of the predicted 2015 land-use map produced both statistics and a map of correctness and error. According to the statistics that were derived from the model, the projected urban extent of the region for the year 2015 was 47.25%. This figure is commensurable with the actual 2015 urban extent, which was 44.4%. With regards to the accuracy of the model, it was able to correctly predict 59.81% of the total urban expansion that occurred between 2009 and 2015, which corresponds to the hits in the validation map. However, it was unable to predict 40.19% of the total urban expansion that occurred between 2009 and 2015. Out of the total area, the model predicted undergoing change or urban expansion between 2009 and 2015, and about 25.16% was wrongly predicted. Thus, these areas, referred to as false alarms, did not experience any change, albeit the model predicted these areas would undergo change between 2009 and 2015. Figure 7 shows the validation map with areas of hits, misses, and false alarms. Based on statistical analysis, an overall accuracy of 87.69% was achieved with a Kappa coefficient of 0.76.
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Influence of Driver Variable on Urban Growth
The sensitivity analysis revealed that, "Distance to Urbanized" areas was the most influential driver variable (Table 5) . Without this variable, the accuracy of the model dropped from 90.43% to 43.98%. This means that the "Distance to Urban" driver variable alone accounts for more than half of the overall accuracy of the model. The second most influential driver variable was "Distance to Roads". The exclusion of this variable from the model reduces the overall accuracy from 90.43% to 81.91%. According to the analysis, slope was the driver variable with the least influence on the model. The elimination of the slope variable from the model increases the accuracy of the model from 90.43% to 90.51%. Consequently, the inclusion of this variable in the model marginally reduces the accuracy of the model by 0.08%. 
The sensitivity analysis revealed that, "Distance to Urbanized" areas was the most influential driver variable (Table 5) . Without this variable, the accuracy of the model dropped from 90.43% to 43.98%. This means that the "Distance to Urban" driver variable alone accounts for more than half of the overall accuracy of the model. The second most influential driver variable was "Distance to Roads". The exclusion of this variable from the model reduces the overall accuracy from 90.43% to 81.91%. According to the analysis, slope was the driver variable with the least influence on the model. The elimination of the slope variable from the model increases the accuracy of the model from 90.43% to 90.51%. Consequently, the inclusion of this variable in the model marginally reduces the accuracy of the model by 0.08%. The resulting 2025 projected land-use map revealed that the urban areas would continue to massively expand, encapsulating several parts of the study area. According to the projection, it is expected that by 2025, about 108,607 ha. of land surface in the region will be covered by built-up, which represents roughly 68.5% of the region. This means that, between 2015 and 2025, the total areas that are covered by built-up will increase by 54.34% (38,252 ha) . It is expected that, between this period, about 37,816 ha. of vegetation (grassland and forest) will be transformed into built-up, which represents 98.8% of the total urban expansion projected to occur between 2015 and 2025. A further 435 ha. of water bodies is also expected to transition into built-up between this time period. By 2025, the conurbation of GAMA will extend to include areas, such as Afuaman, Ashaladza, and Medie in the western part of the region, as well as towns, like Abokobi, Danfa, and Oyibi in the north (Figure 8 ). The eastern frontier of this new conurbation is expected to grow beyond Community 25 and Afienya and probably into the adjoining districts. The resulting 2025 projected land-use map revealed that the urban areas would continue to massively expand, encapsulating several parts of the study area. According to the projection, it is expected that by 2025, about 108,607 ha. of land surface in the region will be covered by built-up, which represents roughly 68.5% of the region. This means that, between 2015 and 2025, the total areas that are covered by built-up will increase by 54.34% (38,252 ha) . It is expected that, between this period, about 37,816 ha. of vegetation (grassland and forest) will be transformed into built-up, which represents 98.8% of the total urban expansion projected to occur between 2015 and 2025. A further 435 ha. of water bodies is also expected to transition into built-up between this time period. By 2025, the conurbation of GAMA will extend to include areas, such as Afuaman, Ashaladza, and Medie in the western part of the region, as well as towns, like Abokobi, Danfa, and Oyibi in the north ( Figure  8 ). The eastern frontier of this new conurbation is expected to grow beyond Community 25 and Afienya and probably into the adjoining districts. 
Discussion
Post classification statistical analysis of the 1991, 2000, and 2015 land-use maps revealed a continuous increase in built-up, while the forest areas in the region continue to diminish. For example, during the 24-year study period, built-up had increased from covering 11.8% of the study area to 44.4%, with the main contributor being grassland. The extensive growth in built-up can be associated with the rapid population growth in the region and Ghana in general [40, 41] . Between 1984 and 2000, the population of GAMA increased by 50% with the population growing at a rate of 3.5% per year [12, 42] . The population growth rate marginally reduced to 3.1% per annum between 2000 and 2010 [11] . The rate is calculated to be around 2.5% for the period between 2010 and 2016. However, the rate of urban expansion was so fast that it outpaced the rate of population growth. Between 1985 and 2000, for example, the population of GAMA increased by 50%, while the urban extent increased by 160% [12] . This can be partly attributed to the architectural change that is currently going on in the region, with more people favoring bungalow type (single tenant) houses over compound (multiple tenants) houses [43] .
Additionally, economic growth has led to a massive boost in the housing sector. Market forces, rather than urban planning, shapes spatial expansion in the region [11] . The housing sector has received massive investment in recent years from both local and foreign investors. Much of the investment is in the form of speculative development that is aimed at expatriates and Ghanaians living aboard. In many cases, most of these houses are yet occupied by tenants or house owners. Several estates and gated communities have emerged, mostly around the fringes of Accra and Tema. Wellington [44] also attributed the massive urban expansion in the region to the uncontrolled private land use development, as more people prefer to settle at the fringes of the city where the cost of land is relatively cheap. Furthermore, with more and more people moving into Accra, the acquisition and ownership of land in the region has become more competitive. In Accra, customary lands are owned by traditional leaders; represented by chiefs and family heads that hold these lands in trust for the community. Members have the right to use the land, which was mostly for agricultural purposes in the past. However, the chiefs and elders are now taking advantage of the current economic boom, massive in-migration, and burgeoning demand for land by selling land to non-native people, primarily for building purposes [45] . Furthermore, the government's predilection for taking customary lands without paying compensation has given the chiefs extra motivation to sell these lands to private developers [46] . These, coupled with mismanagement, lack of proper policies, and corruption have led to uncontrolled land acquisition and further contributed to the massive urban expansion occurring in the region, especially on the urban fringes [47] .
One apparent ecological impact of the massive urban expansion currently going on in the region is the loss of forest vegetation. The decrease in the size of forest areas in the region coincides with urban expansion. The conversion of forest into shrub and herbaceous vegetation is mainly due to urban expansion, agricultural activities, and firewood harvesting [21, 45] . Spatial analysis of the initial 1991 image revealed that the majority of the forest cover in the region was in the western part. Extensive patches of forest could also be seen below the Weija lake as well as fringe forest around the Densu River. However, the majority of these patches of forest had disappeared in 2000, with the main forest cover being limited to the northern and north-western parts of the study area. As of 2015, only the Achimota forest reserve could be classified as a forest within the urban core of Accra, although it is under threat from urban expansion and commercialization. The forestry Commission of Ghana, which manages the Achimota forest has put in place plans to turn the reserve into an Eco park. Although this development could generate income and create job opportunities, it would also likely reduce the forest extent of the reserve. Attua and Fisher [6] suggest that increased demand for firewood and charcoal partially caused forest degradation in Ghana is partly, which is subsequently linked to increasing population. Yorke and Margai further support this assertion [48] . As urban centres expand and population increases, the demand for energy also increases. The majority of households in Ghana still depend on firewood and charcoal for domestic use due to the relatively high cost and unreliable supply of other energy sources, such as Liquefied petroleum gas and electricity. In Ghana, about 25% and 50% of urban households depend on firewood and charcoal, respectively, for cooking [49] . Consequently, woodlands and forest areas are exploited to meet the increasing demand for cheap energy.
Based on the predicted future LULC map of the region, urban expansion is likely to continue unabated. The majority of the urban expansion projected to occur between 2015 and 2025 is extensions from the 2015 urban extent with many infills also being projected to occur within the urban core of the region. The majority of the urban expansion is expected to occur in the western and eastern sides of GAMA. Owusu [50] noted that settlements in the western and eastern part of GAMA have a higher growth rate than other parts of GAMA. In the south eastern part of the region, the townships of Kasoa and Weija are expected to grow towards each other and subsequently merge. Many of the non-urban zones within the urban core are exclusionary zones that were restricted from becoming urban during the modelling phase. Without these exclusionary zones, areas such as the Achimota forest reserve, University of Ghana, Weija, and Sakumo Ramsar sites would have been encroached by urban expansion.
This research provides empirical evidence of rapid urbanization in GAMA and a glimpse of how the region will develop in the future. The findings of the research provide urban planners and city authorities with valuable information about where to expect urban expansion in the coming years. Based on this projection, these urban development stakeholders can make decisions regarding the areas to prioritize in terms of neighborhood design and planning, amenities provisioning, and urban policy formulation and implementation. More initiatives must be directed towards the urban fringes where the majority of the urban expansion is forecasted to occur. With the right measures and policies, the occurrence of slums and informal settlements in these prioritized areas could be curbed.
The study also has significant implications for environmental hazards in the region. Many of the wetlands that absorb much of the water during heavy rains are projected to be encroached upon as people scramble for the remaining untenanted lands in the region. Additionally, the vegetative cover in the region, including the Achimota Forest reserve, is expected to deplete as they come under pressure from urban expansion. The destruction of these ecologically important areas does not only mean loss of habitat for many birds, turtles, and other creatures, but also would increase the incidence of flooding, water, and air pollution in the region. It is therefore critical for these areas to be protected from urban expansion by enforcing strict encroachment regulations.
Several policies and measures can be put in place by policy makers and urban planners to control and slow down the rate of urban expansion in the region. The green belt strategy is one policy that can be adopted to limit urban expansion in the region. Such a policy will promote redevelopments and infills rather than uncontrolled leapfrog developments, which mostly result in the creation of informal settlements. This strategy has been successfully used in Germany to control urban development in many cities. In 2011, 59 of the 96 German planning regions had greenbelt as part of their regional plans [51] . To ensure efficient use of land, local planning authorities must also regularly review and update the regional land supply and demand based on population and economic projections. The land market must also be reformed to put more power in the hands of urban planners. Currently, traditional rulers with little or no coordination with urban planners control the sale of land in the region. Close collaboration between traditional leaders and local planning authorities with regards to the sale of lands in the region will help to control urban sprawling while promoting sustainable urban expansion. The sale of land in the urban fringes could be prohibited while promoting housing in the urban core through pricing mechanisms and policies. This could be used as a mechanism to control the proliferation of urban development in the region by concentrating on urban intensification through redevelopment and infills.
The power of urban modelling and simulation should be fully utilized in urban planning and policy formulation. The integration of population and economic projections and future demands for space with land use models provides an effective tool to analyse alternative scenarios. Different land use systems can be simulated while using multiple policy scenarios. Scenarios provide multiple views of the future and help to reduce uncertainty in policy making by providing a robust decision-making framework [52] . This helps policy makers and urban planners to make appropriate policies and more effectively manage future urban expansions.
Conclusions
This study shows that the integration of GIS, remote sensing, and statistical models provides a powerful tool for monitoring spatial and temporal land use change, as well as modelling complex human-nature interactions. The results of the LULC change analysis revealed the main change trajectories in the region, particularly the expansion of built-up at the expense of vegetation (forest and grassland). During the entire study period, the built-up increased by almost threefold. Water bodies in the region also experience little change during the study period, while the bare-land land cover was spatially and directionally inconsistent for year-to-year. Based on the LULC simulation, the urban extent of GAMA is projected to cover roughly 70% of the region by 2025. However, the modelling was limited by the unavailability of geospatial data, such as population density, income, employment distribution, and so on. Incorporating socio-economic data, land use policy, human factors, etc. could help to improve the performance of the land use model in making future predictions. Thus, it is recommended to incorporate these socio-economic variables for future studies.
As seen in the works of Angel et al.
[53] and Agyemang [54], Kasoa, which is the administrative capital of the adjoining Awutu Senya East municipality is physically and functionally linked to GAMA. Kasoa is currently seen as a satellite town with many people that commute daily to Accra to work and trade. The township of Kasoa is growing rapidly towards GAMA and the two conurbations are expected to fully merge in the coming years. Moreover, the urban extent of GAMA is virtually spilling into the adjoining districts. Thus, the influence of these districts on GAMA's future urban expansion cannot be overlooked. Future research works should therefore include the adjacent districts on the western and eastern sides of the region to better understand the connectedness and interdependence of Accra and its surrounding satellite towns. Funding: This research received no external funding.
